In the concurrent rating task, stimuli are constructed by factorially combining several levels of separate physical components. Subjects give simultaneous judgments of their confidence that each component is presented at the highest possible level. The concurrent rating task has great potential for testing hypotheses and estimating parameters of multidimensional signal detection theory. In this article, the relationship between the parameters of the distribution of rating responses and the underlying perceptual distributions is detailed. The product moment correlation between ratings is shown to seriously underestimate the degree of perceptual dependence. More accurate estimators of the correlation between perceptual effects are suggested. The relation between the interrating correlation and measures of perceptual dependence developed for complete identification tasks is discussed. A powerful test of perceptual separability is then developed. Finally, these techniques are applied to some representative data.
Estimating the parameters of multidimensional signal detection theory from simultaneous ratings on separate stimulus components F. GREGORY ASHBY University of California at Santa Barbara, Santa Barbara, California In the concurrent rating task, stimuli are constructed by factorially combining several levels of separate physical components. Subjects give simultaneous judgments of their confidence that each component is presented at the highest possible level. The concurrent rating task has great potential for testing hypotheses and estimating parameters of multidimensional signal detection theory. In this article, the relationship between the parameters of the distribution of rating responses and the underlying perceptual distributions is detailed. The product moment correlation between ratings is shown to seriously underestimate the degree of perceptual dependence. More accurate estimators of the correlation between perceptual effects are suggested. The relation between the interrating correlation and measures of perceptual dependence developed for complete identification tasks is discussed. A powerful test of perceptual separability is then developed. Finally, these techniques are applied to some representative data.
Multidimensional generalizations of signal detection theory have recently been employed to account for a wide variety of psychophysical and perceptual phenomena (e.g., Ashby & Gott, 1988; Ashby & Perrin, 1988; Ashby & Townsend, 1986; Graham, Kramer, & Yager, 1987; Hirsch, Hylton, & Graham, 1982; Olzak, 1986; Olzak & Wickens, 1983) . Because of the difficulties in parameter estimation, earlier applications made many simplifying distributional assumptions (e.g., Green & Birdsall, 1978; Tanner, 1956 ). However, several recent studies have reported evidence indicating that the model is required in its full generality (Ashby & Gott, 1988; Ashby & Townsend, 1986; Hirsch et al., 1982; Olzak, 1986) .
Hirsch et al. developed an experimental task, which I will refer to as the concurrent rating task, that enabled them to quickly estimate many of the free parameters in the most general multidimensional signal detection model (see, also, Olzak, 1'986) . In the concurrent rating task, two or more levels of two or more (unidimensional) stimulus components are factorially combined to create a set of compound stimuli. For example, an n ×m concurrent rating task has n separate components, each with m levels. On each experimental trial, the subject gives n rating responses, one for each stimulus component. These ratings reflect the subject's confidence that the associated component was presented at the highest possible level. Both Hirsch et al. (1982) and Olzak (1986) chose sinewave gratings of a certain frequency as their stimulus components, and the lewd, Is varied the contrast of the gratings. At the lowest level, the grating was always presented at I would like to thank Nancy Perrin for her helpful comments on an earlier draft of this article. Requests for reprints should be sent to F. Gregory Ashby, Department of Psychology, University of Cahforrua, Santa Barbara, CA 93106. zero contrast. Thus, the subjects were told to respond according to their confidence that a grating of each relevant frequency was presented.
In this article, I will show that the methods that have been used to determine the degree of interaction that occurs when separate components are processed have serious flaws, and I will suggest superior alternative methods. Finally, these methods will be applied to data from one of Olzak's (1986) subjects (reported by Olzak & Wickens, 1983) .
MULTIDIMENSIONAL SIGNAL DETECTION THEORY
In multidimensional signal detection theory, the perceptual effect of each stimulus component is represented by a random vector. Thus, over many trials, the perceptual effects of a stimulus constructed from several separate components are represented by a multivariate probability distribution. Because both Hirsch et al. (1982) and O1-zak (1986) employed only two stimulus components, they assumed that the perceptual distributions were bivariate. I will also assume bivariate perceptual distributions, but each of my results generalizes easily to the n-dimensional case.
The primary focus of this article is on possible interactions in the perceptual processing of the two stimulus components. There are two logically unrelated forms of perceptual interaction (Ashby & Townsend, 1986) . First, on a particular trial, the perceptual effect of one component could be statistically dependent on the perceptual effect of the other. If no such statistical dependence occurs, then perceptual independence results. Second, over the course of many trials, the perceptual effect of one component could depend on the level of the other component. If no such dependence occurs, perceptual separability results.
Consider a stimulus ensemble constructed by factorially combining two levels of two components, A and B. Then the four stimuli axe AtBt, A~B2, AaBt, and A~B2. Suppose x is the perceptual dimension associated with component A and y is the dimension associated with component B, and denote the perceptual distribution (i.e., probability density function) corresponding to stimulus AgBq by fafl~q (x,y) . If the perceptual distributions are multivariate normal, thenfapBq(x,y) is completely determined by five parameters: the mean perceptual effect associated with each component, denoted by #apt~,(x) and IzapBq(y) ; the variance of the perceptual effects associated with each component, denoted by a,~pB~2(x) and aap~,2(y); and the correlation between the perceptual effects associated with each component, denoted by Oapn~ (x,y) .
According to Ashby and Townsend (1986) , when the perceptual distributions are multivariate normal, perceptual independence occurs if and only if O,%nq(x,y) = O. The degree to which 0 deviates from zero is a measure of the amount of perceptual dependence. On the other hand, perceptual separability of component A from component B holds if the marginal distribution associated with each level of component A does not depend on the level of component B; that is, if for p = 1 and 2 and for all values of x. The reader is referred to Ashby and Townsend (1986) for a more thorough discussion and justification of these definitions.
In this article, two experimental paradigms play a central role, the concurrent rating task and the complete identification experiment. The following definition makes them explicit. DEFINITION. Consider a stimulus ensemble constructed by factorially combining the different levels of n separate components. Suppose component i has mi levels (so that the ensemble contains IITf~mi stimuli). On each experimental trial, one stimulus is selected from the ensemble and is presented to the subject. In a concurrent rating task, the subject gives n separate rating responses, one for each component. The ith rating, a number from 1 to ki+ 1, reflects the subject's confidence that the ith component was presented at the highest possible level (i.e., at level mi). If all components have m levels (i.e., ml = m~ = ... = m) then the experiment will be called an n x m concurrent rating task. In a complete identification experiment, the subject gives one response, which uniquely identifies the presented stimdus.
Note that one way to uniquely identify the stimulus is to name the level of each of its components. With ra i levels, a subject can name the level of a component by responding with a number from 1 to ra,. Therefore, a complete identification experiment is functionally equivalent to a concurrent rating task, where the number of alternative ratings on each component equals the number of component levels (i.e., where ki+ 1 = ra,). In the typical concurrent rating task, however, the number of alternative ratings exceeds the number of component levels (k, + 1 > mi). On the other hand, it is possible for the number of alternative ratings to be less than the number of component levels (ki+ 1 < mi). In this case, the task becomes one of categorization, because the number of response alternatives is less than the number of stimulus alternatives. Thus, the concurrent rating task is an exceedingly general experimental paradigm. Ashby and Townsend (1986) developed several tests of perceptual independence and perceptual separability that can be applied to data from a complete identification experiment. However, because of its increased generality, the concurrent rating task has even more potential than the complete identification experiment for testing hypotheses about the underlying perceptual distributions. Several such tests have already been proposed.
Both Hirsch et al. (1982) and Olzak (1986) computed the Pearson product moment correlation of the subject's ratings on each dimension and used the statistic as an estimate of Oa,~,(x,y) . I will show below, however, that although the interrating correlation is related to the correlation between the underlying perceptual effects, it seriously underestimates O~/~(x,y). As an alternative, a more accurate estimator will be proposed. Olzak (1986) tested for perceptual separability by checking whether the means of the four perceptual distributions formed a rectangle. A rectangular configuration of the means is a necessary but not sufficient condition for perceptual separability (i.e., Equation l) to hold. Thus, the means could form a rectangle even though perceptual separability fails. A stronger test of perceptual separability is suggested below.
THE CONCURRENTRATING TASK
All techniques for analyzing data from the concurrent rating task depend on the following critical assumption: DECISIONAL SEPARABILITY. The subject's rating about one component does not depend on the perceiw'd value of the other component.
Decisional separability should occur if the subject is able to follow the experimenter's instructions. If it does occur, we can assume that with k+ 1 ratings on each component, the subject selects k criteria on each dimension 1 X~ on dimension x and Y~, Ya ..... Y~ on dimension y) and, for example, responds with confidence Rx= i on dimension x if Xi-~ < x <_ Xi and with confidence Ry=j on dimension y if Yj_~ < y -Yj. Variability in the perceptual effects x and y will cause variability in the ratings i and j. Of critical interest is the relationship between the parameters of thg_ perceptual distribution, fApB, (x,y) , and the parameters 2 of the ratings distribution, PApB, (Rx=i, Rr=j) . By using the product moment correlation between ratings as an estimator of ~A~B¢(x,y), Hirsch et al. and Olzak are assuming that the two distributions have the same associated correlation coefficient. This is not at all obvious.
An investigation of the correspondence between the interrating correlation and the degree of perceptual dependence requires a specification of the formal relationship between the two distributions. Theorem 1 details this relationship. Let FA~B¢(X,) be the marginal cumulative probability distribution of the perceptual effects produced by stimulus ApBq on dimension x at criterion X,, and let FA~n¢(X,, Y~) be the bivariate cumulative distribution of the perceptual effects produced by stimulus ApBq at criteria X, and Y~; that is,
FA.B~(X,) = PA.~.(X <--

and THEOREM 1. If decisional separability holds and the subject employs k+ 1 ratings on each dimension in the 2 × m concurrent rating task, then the covariance between the ratings on each dimension, when stimulus ApBq is presented, is given by
PROOF. All proofs are given in the Appendix.
Note first that this result is nonparametric; that is, no assumptions are made about any of the underlying perceptual distributions. Theorem 1 makes it easy, however, to investigate the effects of distributional form. One only need substitute the relevant closed-form expressions in place of the cumulative distribution functions to obtain exact covariance predictions for the ratings obtained in the concurrent rating task. The resulting predictions will be expressed in ter~ns of the parameters of the underlying perceptual distributions (e.g., perceptual means, variances, and covariances).
TESTING FOR PERCEPTUAL INDEPENDENCE
As stated previously, the main focus of this article is on the correlation (or covariance) between ratings and its relation to the correlation between perceptual effects and therefore to the important concept of perceptual independence. By definition (Ashby & Townsend, 1986) , the components of the stimulus ApBq are perceived independently if and only if FA, nq(x,y) 
for all values ofx and y. Theorem 1 makes it obvious that if this condition holds, then the ratings Rx and Rr will be uncorrelated.
Of equal or greater interest, however, is the reverse implication. Do uncorrelated ratings imply perceptual independence? To answer this question, consider first the case in which the subject is asked to use a 2-point rating scale on each dimension. In this case, the covariance expression from Theorem 1 reduces to COVAoB,(Rx,Ry ) = FA,B, (X,,y~) -Therefore, uncorrelated ratings for all different criterion placements implies perceptual independence. On the other hand, if more than a 2-point rating scale is used, it is easy to find criterion placements that cause the ratings to be uncorrelated, but for which for all values of i and j, and thus, in general, uncorrelated ratings do not imply perceptual independence. However, if uncorrelated ratings are found for all possible criteria placements, then perceptual independence is implied. To see this, note that if, on each dimension, the subject places all but one of the criteria either above the largest possible perceptual effect or below the smallest possible perceptual effect, then a k + 1 point rating scale is effectively reduced to a 2-point scale, and we have already seen that with a 2-point scale, uncorrelated ratings imply perceptual independence. We have therefore proved the following: The special case in which the number of ratings on each dimension equals the number of levels of the component associated with that dimension is of particular interest, because, as previously noted, it makes the concurrent rating task functionally equivalent to a complete identification experiment. It is therefore of interest to compare the notion of uncorrelated ratings with measures of perceptual independence that have been developed for the identification task.
Call the response associated with stimulus ApBq in an identification task apbq, and suppose there are two levels of each component. For these conditions, Ashby and Townsend (1986) proposed testing for perceptual independence by examining the concept of sampling independence, which states that P(a~b~ t ApBq) = [P(a, b2 I ApBq) + P(a~b, z [ApBq)] [P(a2b, IApBq) + P(a~b~ I ApBq)]. Ashby and Townsend (1986) Thus, under the appropriate conditions, sampling independence and uncorrelated ratings are equivalent concepts. As such, the results established by Ashby and Townsend (1986) that relate sampling independence to perceptual independence are also relevant to the concurrent rating task.
We have now established that when perceptual independence occurs, an excellent method of verifying this independence is to correlate ratings in the concurrent rating task. However, if a perceptual dependence occurs, we might naturally ask (1) whether this ensures correlated ratings, and (2) how accurately the correlation between ratings, O,~pB, (Rx,Ry) , estimates the correlation between percepts, O apB~ (x, y) .
If the perceptual effects are correlated, then there exists at least one X=Xo and y=yo, tbr which
F~t~o(xo,yo) ~:
Of course, for certain criterion placements, uncorrelated ratings may still result. However, there will exist at least some placements that ensure correlated ratings. For example, if XI = Xo and Y1 = yo and all other criteria are greater than the largest possible perceptual effect, then the rating covariance becomes cov,~B~iRx,Ry ) = F.~,~(xo,yo)
Therefore, a perceptual dependence will, eventually, cause correlated ratings.
We finally turn to the numerical correspondence between Oapnq (Rx,Ry) and QApBq(X,y) . Analytically, this is a difficult problem. Therefore, to solve it, I turned to computer simulation. A total of 75 simulations were performed. At the beginning of each simulation, sets of criteria were defined on each of two dimensions. Next a bivariate distribution was sampled for 1,000 trials. For each sample, the criteria were used to create a rating on each dimension. At the end of the simulation, the correlation between ratings was estimated and compared with the correlation between perceptual effects.
In all simulations, the perceptual distributions were bivariate logistic. The logistic distribution was chosen because it is very similar in shape to the normal distribution but has a closed-form expression for its cumulative distribution function, and therefore is easy to simulate. The perceptual means on each dimension were arbitrarily set to 10.0 and the perceptual variances were set to 1.0. About half the simulations involved a 4-point rating scale, and half involved a 6-point scale. Although the product moment correlation between ratings was not as good a predictor of the perceptual correlation when a 4-point scale was used, overall the same pattern of results was obtained with both scales. Results of some of the simulations with the 6-point rating scale are given in Table 1 . An asterisk indicates that the null hypothesis that the rating correlation equals the perceptual correlation was rejected at u=.01. The colunm marked rtet(gx,~y) will be discussed later in this article.
Note that a very consistent pattern emerges from Table 1 . When the criteria are centered around the perceptual mean, the product moment correlation between ratings very accurately estimates the perceptual correlation. However, as the criteria become centerexl either Note--ln all cases, the perceptual mean on each dimension was 10.0, the variance was 1.0, and the sample size was 1,000. An asterisk in the rating correlation column indicates significance at the a = 01 level. An asterisk ~n the tetrachonc correlation column indicates that the estimate ~s more than 2.5 standard errors from the perceptual cow,relation.
above or below the perceptual mean, the correlation between the ratings begins to diverge from the perceptual correlation. In fact., the ratings tend to become uncorrelated, no matter what the perceptual correlation. This is a serious problem for the n × tn concurrent rating task.
To satisfy the experimenter's instructions, the subject must spread the criteria out far enough to cover the m levels of each component. For example, when m = 2, we expect the criteria to be centered on each dimension below the upper mean and above the lower mean. In this case, the product moment correlation between ratings will severely underestimate the degree of perceptual correlation. Other simulations were performed in which the criteria on one dimension were centered above the relevant perceptual mean and the criteria on the other dimension were centered below the relevant perceptual mean. The same pattern of results occurred. When the criteria were centered on either side of the mean, the rating correlation failed to accurately estimate the perceptual correlation. I also performed several simulations in which the perceptual effects were uncorrelated. In each of these, the rating correlation was very close to zero. Thus, the problem with using the product moment correlation between ratings as an estimate of the correlation between perceptual effects is restricted to instances in which a perceptual dependence exists and in which the response criteria are centered either above or below the perceptual means.
Given the obvious deficiencies in ra~,B¢(Rx,Ry) as an estimator of OApt~¢(x,y), it is natural to ask whether a better estimator can be: found. As it turns out, this problem has been fairly extensively studied in the statistical literature. With a 2-point rating scale and when the perceptual distributions are, bivariate normal, the maximum likelihood estimator of OA,,t~,,(x,y) is the tetrachoric r, first suggested by Pearson (1901) . The tetrachoric r is obtained by solving the following expression for the cumulative normal distribution function at the criteria, for r:
where #(Rx= 1, Ry= 1) is the observed proportion of trims on which both ratings equal 1. The criteria can be estimated from the marginals: P(Rx=l) = 12r) 'al 2' exp(-x2/2)dx and
P(Ry=I) = (27r)-'a I ~' exp(-y~/2)dy.
Pearson's (1901) idea was to expand the right side of Equation 2 into a series in terms of r, called the tetrachoric series. Unfortunately, the analytic solution for the tetrachoric r is long and complicated. Consequently, several methods for approximating the solution have been STIMULUS RATINGS 199 developed. Kirk (1973) used Gaussian quadrature, supplemented by Newton-Raphson iteration, to evaluate an equivalent form of the Equation 2 integral. However, a simpler approximation is based on the so-called cosine-pi formula (e.g., Guilford & Fruchter, 1973) . Let and d = #a,n~(Rx=l,R~=l) .
In terms of radians, the cosine-pi approximation to the tetrachoric r is rtet(Rx,Ry )=cOs 1 +~ "
The cosine-pi formula gives very close approximations to the tetrachoric r, but only when the criterion on each dimension is placed at the perceptual median. In this respect, Equation 3 suffers the same shortcomings as the product moment correlation between ratings. The estimate becomes very bad as the criteria are moved either above or below the median.
When more than a 2-point rating scale is used, the tetrachoric r becomes a polychoric r. Accurate approximations to the polychoric r have been developed (Hamdan, 1971; Lancaster & Hamdan, 1964; Olsson, 1979a; Pearson & Pearson, 1922; Ritchie-Scott, 1918 ), but each is even more complicated than the methods for approximating the tetrachoric r. For the concurrent rating task, the best method for estimating the polychoric r may be the maximum likelihood pr.ocedure developed by Olsson (1979a) . In addition to producing an estimate of 0apt~, (x,y), this procedure yields estimates of each criterion, a variancecovariance matrix of the estimates, and a measure of goodness-of-fit. It uses Kirk's (1973) algorithm as well as programs found in the IMSL (1975) library. However, it turns out that even a simple generalization of the cosine-pi approximation to the tetrachoric r provides much more accurate estimates of OA~n~(x,y) than does the product moment correlation between ratings.
Suppose a k + 1 point rating scale is employed in a 2 × rn concurrent rating task. Consider trims on which stimulus ApBq is presented. Let X, be the criterion on dimension x that is closest to the median of the ApBq marginal perceptual distribution on dimension x, and denote the rating given when X,-1 < x _< X, by/,. Let Y, and J, be the corresponding criterion and rating on dimension y. Then QA~B~(x,y) ~ ~e pr~uct moment co,elation. In addition, I ~so compar~ this approximation to ~e tetrachoric r wi~ one ~at ~so utilized a., b,, c,, ~d d, but which was bas~ on Kirk's (1973) gori~m. For ~e simulations I conductS, Kirk's mer fo~ed about as well as ~e cosine-pi approximation, and therefore I will limit discussion to the estimates obin~ wi~ ~e simpler cosine-pi fo~ula.
For each s~ulation re~ in Table 1 , ~e (cosine-pi) tetrachofic r est~ate is given in ~e fi~ost colu~. An asterisk indicates ~at ~e est~at~ v~ue is more ~an 2.5 s~d e~ors away ~om ~e ~r~p~ co,elation. Note that rt~t is relatively unaffected by criterion placement, at l~t m long m ~e lowest criterion on och di~nsion is low ~e mean and ~e highest criterion is a~ve. As either e lowest cfi~fion mov~ a~ve ~e ~ or ~e ~est cfi~fion moves ~low, it wffi ~ome h~der to a cfi~fion clo~ to ~e m~i~, ~d ~ ~e a~uracy of ~is appro~fion to ~e te~chofic r wffi de~fiorate, Wim where such e~eme cfi~fion pla~ment is sus~, a ~r s~a~ world ~ to ~l~t a more sop~sficaẽ state of On~n~(x,y) (e.g., Olsson's, 1979a , ~um l~e~ ~ of ~e ~lychofic r). ~ spi~ of i~ l~-tions, Table 1 ~es it ap~ent ~at ~s appro~tion to ~e m~achofic r provides cl~ly su~fior es~tes of e degr~ of underly~g ~r~p~ de~nden~ ~ d~s e pr~uct moment co,elation ~n rat~gs. ~terest-Oy, s~ smti~ic~ resd~ have r~nfly ~n found wi~n ~e do~ of factor ~ysis (Mu~en & Kapl~, 1985; Olsson, 1979b) .
For pu~s of hy~esis testing, ~ est~ of ~e s~d e~or of rtet is n~. Unfo~ly, ~e generẽ xpression for est~t~g Ort,t is t~ complica~ to practice. However, ~e expression s~plifies grofly under ¯ e nu~ hy~esis, Ho: Oaon~(x,y) = O. ~ ~s c ( Gu~ford & Fmchter, 1973), ",/ (a, + b,) (a, + c,) ( c, + d,) 
here n is the sample size. In the simulations reported in Table 1 , the modal standard error was .04, although some of the standard errors were as large as .07. Therefore, fairly large sample sizes are needed to obtain accurate estimates of Oapn,(x,y) using this technique. Again, if smaller standard errors are desired, more sophisticated techniques are available.
TESTING FOR PERCEPTUAL SEPARABILITY
In addition to providing relatively simple yet accurate estimates of the degree of perceptual dependence, 'the concurrent rating task provides powerful tests of perceptual separability. As mentioned earlier, one consequence of perceptual separability is that the perceptual means, and also the means of the ratings, form a rectangle. This is a weak test, however, because even if the perceptual means form a rectangle, perceptual separability might fail (see, e.g., Ashby & Townsend, 1986) . Luckily, a stronger test is possible.
From Equation 1 it is clear that perceptual separability holds, for example, only if
F,%S,(x) =
for all values ofx. Therefore, it must be true tha~t if perceptual separability holds, then With 2-point rating scales, these equalities reduce to the condition Ashby and Townsend (1986) called tru~trginal response invariance, and so I will use the same terminology when referring to Equations 4 and 5. A test of marginal response invariance is stronger than checking for a rectangular configuration among the mean ratings, because marginal response invariance implies such a configuration, but a rectangular configuration among the mean ratings does not imply marginal response invariance.
Note that each term in Equations 4 and 5 is a marginal cumulative probability distribution function. For example, Equation 4 states that the distribution of ratings on component A does not depend on the level of component B. This is a natural extension of the Equation 1 definition of perceptual separability, which states that the distribution of perceptual effects associated with component A does not depend on the level of component B. Because Equations 4 and 5 each assert the equality of two cumula- STIMULUS RATINGS 201 tive distribution functions, the null hypothesis of marginal response invariance is easily tested using the Kolmogorov-Smirnov statistic.
AN EMPIRICAL APPLICATION
As a demonstration of their empirical utility, I applied the techniques developed above to the data of 1 subject employed by Olzak (1986) and reported by Olzak and Wickens 0983). Olzak's experiment involved a 2 x2 concurrent rating task with a 6-point rating scale. Her components were sine-wave gratings differing in spatial frequency (3 and 18 cycles/degree; cpd) and the two levels of each component were absent and present. Each of the four stimuli were presented 500 times.
Before beginning, it is important to recall that each of the techniques discussed in this article assumes decisional separability. For example, if decisional separability fails, there is no guarantee that the approximation to the tetrachoric r developed above will provide a reasonable estimate of the perceptual correlation. Similarly, a violation of marginal response invadance could be caused by a failure of either perceptual separability or decisional separability (or both), and so caution must be exercised before concluding that the violation is due to a failure of perceptual separability. On the other hand, if marginal response invariance is satisfied, then perceptual separability and decisional separability are both strongly indicated. Therefore, when applying the techniques, it makes sense to test marginal response invariance first. If it is satisfied, then one's, confidence in net as an estimator of O (x,y) is bolstered. If marginal response invariance fails, then the rtet estimates of O(x,y) may still be valid, but they should be interpreted with caution. With this strategy in mind, the marginal cumulative rating distribution functions specified by marginal response invariance were estimated. These are shown in Figures  1 and 2 . Figure 1 shows estimates of the marginals on the low-spatial-frequency (3 cpd) dimension, and Figure 2 shows estimates of the marginals on the high-spatialfrequency (18 cpd) dimension) The solid lines indicate that the relevant component (low frequency in Figure 1 and high frequency in Figure 2 ) was absent; the dashed lines indicate that it was present. Finally, plus indicates that the irrelevant component (high frequency in Figure 1 and low frequency in Figure 2 ) was absent; the circle indicates that it was present.
If perceptual separability and decisional separability both hold, the marginal cumulative rating distributions should not depend on whether the irrelevant component was absent or present. Thus, in Figures 1 and 2 , the two solid lines should coincide, as should the two dashed lines. Visual inspection indicates that this condition is satisfied in Figure 2 but not in Figure 1 . Kolmogorov-Smirnov tests support this hypothesis. For the Figure 1 data, the null hypothesis that the presence of the high-frequency component had no effect on the perception of the lowfrequency component can be rejected withp < .01, both on low-frequency component-absent trials and on lowfrequency component-present trials. In fact, Figure 1 indicates that the presence of the high-frequency component made the subject less confident that the low-frequency component was present. On the other hand, for the Figure 2 data, the null hypothesis that the presence of the low-frequency component had no effect on the perception of the high-frequency component could not be rejected, even with p = .20, either on high-frequency The data therefore support the conclusion that both perceptual and decisional separability hold on the highfrequency dimension, but that one or both forms of separability fail on the low-frequency dimension. Although it is logically possible for decisional separability to hold on one dimension but not another because it is a response strategy, it seems likely that a subject who employs decisional separability on one dimension will employ it on others. A plausible interpretation of these results therefore is that decisional separability holds on both dimensions but that there exists an asymmetric perceptual interaction. The high-frequency channel affects the low-frequency channel, but the low-frequency chamtel has no effect on the high. This is the same conclusion that Olzak (1986) made after examining the estimates of the perceptual means, and it has also been supported by several other studies (e.g., Furchner, Thomas, & Cambell, 1977; Hirsch et al., 1982) .
Next, to test for perceptual independence, several correlations were computed. Table 2 contains estimates of the product moment correlation between ratings, the approximation to the tetrachoric r described above, and its standard error. Note that, as in the simulations, the product moment correlation is of a consistently smaller magnitude than the tetrachoric r. This discrepancy is especially pronounced for the low-frequency component-only stimulus. In this case, the tetrachoric r estimate is more than twice the magnitude of the product moment correlation. In fact, on the basis of this product moment correlation, Olzak (1986) concluded that the underlying correlation between percepts was not significantly different from zero. However, Table 2 indicates that the estimate based on the tetrachoric r is more than four standard deviations from zero. Finally, note that in all four cases rtet is more than one standard deviation from zero, in three cases it is more than two standard deviations from zero, and in two it is more than four standard deviations from zero. It therefore appears that the strategy of using the product moment correlation between ratings as an estimate of Oa,,t~q(x,y) is seriously biased in favor of perceptual independence. Therefore, uncorrelated ratings occur if and only ~f Pl, = (P,, +p12) (P~ +p2,) .
Substituting p~l = 1 -p~2-p2~-p2~ ytelds 1 -p~-p~ -p= (l-p,~-pa,-p~2+p~) (l-p,~-p~,-p~+p2,) Simplifying leads to p~2 = p~, P~ +p~, p~ +p~ p~ +P~ P= (p2, +P~a)(p~+p2~), which is sampling independence. Therefore, uncorrelated ratngs implies sampling independence. Each step in this derivation is reversible, and so it follows that sampling independence implies uncorrelated ratings. [] (Manuscript received July 1, 1987; revision accepted for publication March 4, 1988) .
